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Abstract

An optimization algorithm is essential for minimizing loss (or objective) functions in machine learning and deep learning. This
article compares empirically the performance of 8 optimization algorithms which are used for training in machine learning and deep
learning. The optimization algorithms considered in this article consist of 6 well-known algorithms such as SGD, SGD momentum,
Nesterov momentum, AdaGrad, RMSprop, and Adam algorithms, and 2 recent algorithms such as KO and mSGD algorithms. Three
kind of data is used for the performance comparison of optimization algorithms. First is the use of two functions, which have many
local minima. Second is the use of MNIST data set which consists of handwritten digits from 0 to 9. The last one is the use of
CIFAR-10 which consists of 10 kinds of images such as airplane, car, cat, dog, and so on. With the three kind of data set, seven
cases are considered including FNN, CNN, and AE to compare the performance of 8 optimization algorithms.
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Fig. 7 Performance of 8 optimization algorithms for CIFAR-10 data and 2-layer
CNN (lower figure: 50-point moving average)
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Table 3 Convergence ranking of 8 optimization algorithms for CNN with MNIST

and CIFAR-10 data (5% in ||/ | }* means the final 5% of iteration)

CNN MNIST CNN CIFAR-10

optimizer 3-layer 3-layer

[21P% | ranking | time[s] | [l/IF” | ranking | time[s]

SGD 5.1003 6 197.71 | 71.522 6 297.23

Momentum | 1.4202 4 196.63 | 71.132 4 298.75

Nesterov | 1.0634 1 197.01 | 70.182 3 300.15

AdaGrad | 11.329 8 193.88 | 71.394 5 298.14

RMSprop | 1.8014 5 201.19 | 86.632 8 296.58

Adam 5.1600 7 203.31 | 67.215 2 308.41

KO 1.2250 2 204.44 | 85.420 7 309.78

mSGD 1.3661 3 1443.0 | 66.791 1 2245.7
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Auto Encoder (lower figure: 50-point moving average)
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Table 4 Convergence ranking of 8 optimization algorithms for Auto Encoder with
MNIST data (5% in || /]| 51% means the final 5% of iteration)

Auto Encoder
optimizer FNN
llZ]15% ranking time[s]

SGD 10.551 4 134
Momentum 11.835 8 14.7
Nesterov 11.084 6 15.0
AdaGrad 11.207 7 16.4
RMSprop 9.2892 1 17.9
Adam 10.618 5 21.1
KO 10.381 3 273
mSGD 10.026 2 22.5
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Table 5 Total convergence ranking of optimization algorithms

Total (7 cases) Total (S cases)
(Table 1~Table 4) (Table 2~Table 4)
optimizer
m ranking :;':Igl; ranking
SGD 5.6 7 54 5
Momentum 6.1 8 5.8 7
Nesterov 3.6 2 2.8 2
AdaGrad 4.6 5 6 8
RMSprop 39 3 4.6 4
Adam 53 6 54 5
KO 43 4 3.6 3
mSGD 2.7 1 24 1
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Table 6 Classification performance of 8 optimization algorithms for MNIST and
CIFAR-10 data

FNN MNIST CNN
2-layer | 4-layer | MNIST | CIFAR-10

Total (4 cases)

optimizer
test[%)] test[ %] test[%)] test[%)] average

(ranking) | (ranking) | (ranking) | (ramking) | ranking | """

9353 | 9538 | 94.94 | 4391
SGD 7.0 7
® Q) ® ®

97.04 96.35 97.95 45.64
Momentum 23 2
2 (@) 2 3)

Nesterov 97.21 96.65 | 98.02 46.77 13 |

M M ©) &)

96.31 95.61 95.45 41.39
AdaGrad 6.3 6
(6) (6) (@] (6)

95.95 93.26 96.65 29.68
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Table 7 Convergence performance of 8 optimization algorithms for MNIST and

CIFAR-10 data
FNN MNIST CNN Total (4 cases)
_ N _10 [(Table 2~Table 3)
optimizer 2-layer | 4-layer | MNIST | CIFAR-10
. . . . average .
ranking | ranking | ranking ranking e ranking
SGD 8 3 6 6 5.75 7
Momentum 7 6 4 4 5.25 4
Nesterov 3 1 1 3 2.00 1
AdaGrad 5 5 8 5 5.75 7
RMSprop 1 8 5 8 5.50 5
Adam 6 7 7 2 5.50 5
KO 2 4 2 7 3.75 3
mSGD 4 2 3 1 2.50 2
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